Predicting how environmental factors affect the distribution of species is a fundamental goal of conservation biology. Conservation biologists rely on species distribution and abundance models to identify key habitat characteristics for species. Occupancy modeling is frequently promoted as a practical alternative to use of abundance in identifying habitat quality. While occupancy and abundance are potentially governed by different limiting factors operating at different scales, few studies have directly compared predictive models for these approaches in the same system. We evaluated how much occupancy and abundance are driven by the same environmental factors for a species of conservation concern, the greater short-horned lizard (Phrynosoma hernandesi). Occupancy was most strongly dictated by precipitation, temperature, and density of ant mounds. While these factors were also in the best-supported predictive models for lizard abundance, the magnitude of the effects varied, with the sign of the effect changing for temperature and precipitation. These discrepancies show that while occupancy modeling can be an efficient approach for conservation planning, predictors of occupancy probability should not automatically be equated with predictors of population abundance. Understanding the differences in factors that control occupancy versus abundance can help us to identify habitat requirements and mitigate the loss of threatened species.
| INTRODUCTION
Habitat degradation and loss are increasing the rate of global biodiversity declines, a trend that is expected to accelerate throughout the next century (Butchart et al., 2010) . Changes in land use that degrade environmental quality will increase the number of species potentially threatened by human activities, and land use change is predicted to have the biggest effect on terrestrial ecosystems by the year 2100 (Sala et al., 2000) . In the face of these changes, developing reliable, simple, and biologically relevant models to predict where species will occur and how abundant they are across natural and modified landscapes are a pressing research need in conservation biology (e.g. Elith & Leathwick, 2009; Dawson, Jackson, House, Prentice, & Mace, 2011) .
Site occupancy models offer one such approach to quantifying the distribution patterns of species; occupancy models predict the probability that a species is present at a site. Occupancy models are elegant in their use of simple presence-absence data and biologically relevant in their ability to incorporate imperfect detection, multiple species and seasons, and covariates for surveys and sites across multiple habitat types (MacKenzie, 2006) . Occupancy models have garnered much attention due to their potential to provide a reliable and cost-effective method of analyzing population distribution and habitat use, especially compared with methods that attempt to estimate population abundance (Noon, Bailey, Sisk, & Mckelvey, 2012; Tempel & Gutiérrez, 2013; Casner, Forister, Ram, & Shapiro, 2014) . For rare, elusive, or sensitive species, the difficulty of gathering accurate abundance data makes occupancy models especially promising.
These advantages have led researchers to use occupancy model results-predictions of the probability of occupancy-to draw conclusions about presumed abundance patterns (e.g. Tempel & Gutiérrez, 2013; Casner et al., 2014) . While this focus on occupancy is likely because the state variable is easier to monitor than abundance, the scale of observation can affect the results of occupancy analyzes (MacKenzie, 2006; Ellis, Ivan, & Schwartz, 2014; Wilson & Schmidt, 2015) ; one explanation for this sensitivity is that occupancy and abundance can be determined by environmental characteristics that operate at different temporal and spatial scales (Orrock, Pagels, McShea, & Harper, 2000) and may be dictated by different processes (Cingolani, Cabido, Gurvich, Renison, & Díaz, 2007) . Only direct comparisons of statistical approaches to quantify occupancy and abundance can indicate how reliable occupancy analyzes are for characterizing abundance patterns, but we currently have surprisingly few such tests (Royle & Nichols, 2003; Sileshi, 2007; Couturier, Cheylan, Bertolero, Astruc, & Besnard, 2013) , and the focus has been on temporal variation (but see Fletcher, MacKenzie, & Villouta, 2005; Wilson & Schmidt, 2015) .
Understanding this relationship for rare or habitat-limited species could be especially valuable for conservation efforts across temporal and spatial scales.
We performed such a comparison with respect to spatial scale using the greater short-horned lizard (Phrynosoma hernandesi) as our focal species (Figure 1 ). This lizard is broadly dispersed throughout arid western North American ecosystems (Hammerson, 2007) , but in many areas populations are exposed to mounting pressure as energy development (Copeland, Pocewicz, & Kiesecker, 2011; Souther et al., 2014) and other human use impacts expand into their sagebrush habitat. As a whole, the horned lizards (genus Phrynosoma), appear to be highly sensitive to human-caused habitat degradation (e.g. Beauchamp, Wone, Bros, & Kutilek, 1998) . Understanding what environmental factors determine greater short-horned lizard occurrence and abundance will improve our ability to predict what factors are most critical to preserve populations of this species and related species.
We studied the greater short-horned lizard in relatively undisturbed areas to address two general questions concerning the use of occupancy modeling to identify good predictors of local habitat quality:
1. Which habitat factors best predict horned lizard occupancy and which best predict abundance? 2. How similar are these environmental factors and their relationships with hornd lizard occupancy and abundance?
We discuss our results in light of their implications for conservation management and emphasize how differences between occupancy and abundance results could undermine effective conservation monitoring and planning, if not recognized. While we discuss the specific implications for greater horned lizards, we use the results to draw broader inferences about the use of occupancy and abundance data to predict species vulnerability to anthropogenic disturbances, and how to craft successful conservation management strategies.
| METHODS
To answer our questions, we did three things: (1) Surveyed for lizard occurrence and abundance in widely distributed plots, as well as quantified multiple climate and habitat characteristics of these sites; (2) Conducted separate analyzes to predict occurrence and abundance based on these environmental variables; and (3) Compared the effects of environmental factors revealed in these occupancy vs. abundance models.
| Study area
Greater short-horned lizards inhabit high desert and arid montane environments in western North America from northern Mexico to southern Canada. Our study sites spanned the large portion of the greater short-horned lizard's range that is dominated by sagebrush (Artemesia spp.), an ecosystem that has been fragmented, reduced in area (Walston, Cantwell, & Krummel, 2009) , and has recently come under accelerated threat due to rapid energy development (e.g. Naugle et al., 2011) . To select plots, we used a random stratification across temperature and precipitation gradients to characterize potential study regions that spanned the entire state of Wyoming, USA, but that had similar vegetation composition (Comer et al., 2003) . These regions were undeveloped portions of Wyoming of about 1,000 km 2 in area. We then selected three to four random points within each region and identified three to four plot locations per randomly selected point (50 × 100 m) in apparently undisturbed sagebrush habitats (≥1 km) from anthropogenic features (NatureServe 2014) within 1 km of the selected point for a total of 10-12 plots/region. We F I G U R E 1 Greater short-horned lizards (Phrynosoma hernandesi) are a sensitive species found throughout the sagebrush and shortgrass ecoregions of western North America and are a Species of Greatest Conservation Need in Wyoming (Wyoming Game and Fish Department 2010) constrained plot locations to maintain a minimum distance to anthropogenic features (≥1 km) (NatureServe 2014), minimum distance between plots (≥1 km), similar slope gradients (<5%), and accessibility (≤1.6 km from shelter for lightning safety). This selection resulted in one hundred 50 × 100 m plots (Fig. S1 , Table S1 ). Eighty-nine of these plots were in relatively undisturbed environments and were the focus of this study.
| Data collection
We surveyed 50 plots in 2012 (20 of which we resurveyed that season), 50 in 2013 (8 of which we resurveyed that season), and 12 plots in both years. In each plot we quantified: lizard presence or absence (occupancy); lizard density per hectare; prey availability; and vegetation cover. We quantified horned lizard occupancy of each plot by visually searching for lizards and fresh fecal pellets, which are distinct and easily identifiable for this species. Raw data on abundance were based on visual searches for lizards (fecal pellets are not a reliable indicator of lizard abundance; Beauchamp et al., 1998 28 (20 in 2012, 8 in 2013) of the 89 plots 4-6 weeks after the first survey to quantify detection probability (MacKenzie, 2006) .
We quantified information on invertebrate prey by leaving three 150 ml un-baited pitfall traps at each plot for 24 hr (Griffin, 2003) and mapping all large ant mounds. Thatcher ants (Formica obscuripes) and western harvester ants (Pogonomyrmex occidentalis) form large mounds in the region; other horned lizard species feed preferentially on congeners of the western harvester ant (Rissing, 1981) . The 24-hr pitfall trap sampling period was not ideal for capturing rare ants (Borgelt & New, 2006 ), but we were primarily interested in characterizing the dominant available prey that lizards would most likely encounter. We used the Shannon diversity index to quantify diversity of available prey in pitfall traps (Shannon, 1948) .
To quantify vegetation cover in each plot, we photographed 0.25 m 2 quadrats at 10-m intervals along two 50 m transects for a total of 10 photographs per plot (Parravicini et al., 2009 
| Occupancy modeling
To identify the best predictors of horned lizard occupancy of plots, we (2) survey covariates that may vary over time, affecting the probability of observing lizards (detection p). To structure the occupancy models, we first identified the best covariates on detection; for this step, we held the probability of plot occupancy (ψ) constant and varied combinations of all survey-specific variables (Table S2 ). Detection can vary substantially among species and accounting for variation in detection is important in modeling occupancy (Royle & Nichols, 2003; MacKenzie, 2006) , particularly if detection is variable among sites. We selected the detection covariates that produced the model with the lowest AICc score for constant occupancy and used these covariates for the detection component in testing models to predict occupancy.
To build the set of candidate models for occupancy, we included all subset combinations of models that contained the following variables:
an interaction between temperature and precipitation, ant mound density, ant diversity, diversity of nonant invertebrates, diversity of all invertebrates, percentage of ground area covered with soil, and percentage of ground area covered with sage (see Table S3 for full model list). We suspected that temperature and precipitation could interact in ways that they might affect aspects of lizard habitat that we could not measure directly; we included models with and without temperature and precipitation interactions. We also included ant abundance and ant diversity both with and without an interaction, as a simultaneous study of horned lizard diet indicated that diet diversity could vary across the geographic range of our study. The best-supported predictive model had the lowest AICc score. We measured the importance of each variable by its summed AIC weight (AICω) across the model set.
To assess goodness of fit of the models to the data, we calculated a Pearson chi-square test to observed and bootstrapped data (MacKenzie & Bailey, 2004) . To test overall model sensitivity to detection probabilities, we ran the model set with different covariates on detection (Royle, 2006) .
| Abundance modeling
To generate abundance estimates, we initially used Lincoln markrecapture data (Lincoln, 1930) collected from our 28 resurveyed plots to derive plot-specific population abundance estimates. Extrapolating
Lincoln mark-recapture data to additional survey plots can be problematic, potentially resulting in inaccurate abundance estimates (Pocock, Frantz, Cowan, White, & Searle, 2004 ), but population estimates generated from within-survey data can be useful if they correlate strongly with more formal mark-recapture estimates. We found that bias-corrected
Chao estimates for population size (time variation model [equation 10] in Chao, 1989; Keating, Schwartz, Haroldson, & Moody, 2002) were extremely well correlated with Lincoln mark-recapture estimates (Spearman ρ = .88), so we used the Chao estimates as our dependent variable. While these estimates carry inherent uncertainty, we were most concerned with how environmental factors predicted observed relative abundances (hereafter "abundance"). High recapture and detection rates gave us confidence in our observations. We tested covariates for normality and transformed data to normalize the distribution, where relevant.
We first ran linear regression models to predict lizard abundance, running these models only on plots where lizards were found in our surveys. This approach to evaluating abundance data conditionally, without including zeros, has precedence (e.g. Fletcher et al., 2005) and is particularly relevant for conservation because occupancy and abundance may be separately determined by different environmental factors; understanding those differences can affect management and/ or policy decisions. We used the same model set that we generated for occupancy models, including the survey variables as nuisance variables, plus the top models again without the nuisance variables (Table   S4 ). We identified the best-supported model and measured variable importance using AIC approaches, and identified the sign of relationships with abundance in the same way described above for occupancy models. To assess goodness of fit of the models, we calculated the coefficient of determination (R 2 ) for each model.
We further tested how occupancy versus abundance could give different results by applying an abundance analysis that included zeros. We ran linear mixed effects Poisson regression models that included the fixed effects that we used in the linear abundance regressions, with survey plot as a random effect. The use of this random effect accounts implicitly for observation error and accommodates overdispersion (i.e. zero-inflation) within a maximum-likelihood framework (Elston, Moss, Boulinier, Arrowsmith, & Lambin, 2001; Harrison, 2014 ). We evaluated model performance as described above.
| Comparing approaches
We assessed potential mismatch between predictors of occupancy and abundance in several ways. First, we used the best-supported model for the occupancy and linear regression abundance approaches to generate predictions across the observed range of each environmental variable, while holding all other independent variables constant at either their mean values, or at representative low or high values (first and third quartiles of empirical range, respectively) to account for interaction effects. To assess the robustness of these results, we also ran these predictions for the top five models of occupancy and for the parallel models for lizard abundance. We used the covariance matrix for fitted coefficients in the best model for abundance to select 1,000 random sets of coefficients, and used these to generate 95% confidence intervals for abundance predictions; we made parallel confidence intervals on the occupancy predictions using a bootstrap approach. For the bootstrap, we sampled randomly from our data to create new synthetic data and ran occupancy analysis on the top model using the synthetic data. We stored the model coefficients and then used these coefficients to predict occupancy estimates using our empirical data. We repeated this process 1,000 times for all variables of interest.
We also compared the sign and AIC weights (AICω) for environmental variables supported in models for occupancy vs. abundance (both with and without zeros included), and quantified the strength of the correlation between the predicted occupancy probability or abundance and each environmental predictor, as described above.
Finally, we plotted the predicted occupancy probability versus (1) the predicted lizard abundance for each study plot; (2) the product of these values (the predicted mean abundance corrected for probability of occupancy, which gives the predicted mean abundance in a plot, accounting for whether the site is likely to be occupied or not); and (3) the predicted abundance based on the mixed effects model analysis with plot as the random affect. Correspondence between occupancy probability and each of these three measures should have been high if occupancy predicted abundance well.
| RESULTS
Lizards were observed in 60 of the 89 plots, with an average of 2.9 (±3.2 SD) individuals captured where found. Univariate relationships between environmental factors and the number of lizards in all plots, including those with no lizards, showed only weak patterns (Fig. S2 ).
These poor relationships were largely due to the many interactions among covariates in their effects on occupancy and abundance, as we discuss below. Table   S2 for full detection results), and the mean probability of site occupancy was 0.67 (±0.08 SD).
The best model for occupancy probability included an interaction between annual mean precipitation and annual mean temperature, plus an interaction between ant mound density and diversity of available ants (Table 1, Table S3 ). Survey temperature influenced detection (Table 1, Table S2 ). The top model showed a reasonable fit to the data ( Figure S3 ).
The top model for lizard abundance, when zeros were excluded, included linear effects of precipitation, temperature, and ant mound density (Table 1, Table S4 ). This model showed a significant though somewhat weak fit to the data (R 2 = .23) and the top supported factors all had substantial effects on predicted abundance (Table S6 ).
The best linear mixed effects model that we applied to the full dataset (including zeros) included ant mound density plus diversity of all invertebrates (Pseudo-R 2 = .24, Table S5 ); temperature and precipitation were not part of the model. In this case, the signs of the fixed effects (ants and all invertebrates) were the same as in the occupancy and zero-eliminated abundance models.
Ant mound density had a strong positive effect on both occupancy and lizard abundance. Predicted occupancy probability increased from 0.49-1 over the range of ant mound densities ( Figure 2a , Figure S4 , Table S6 ), while lizard abundance increased from 4.7 to 11.1 lizards over the same range (Figure 3a , Figure S5 , Table S6 ).
In contrast, the relative importance and the combined effect of temperature and precipitation effects had opposing effects in occupancy vs. abundance predictions (Table 2 ). Temperature had a positive effect on predicted occupancy rates, except where precipitation was high, (increasing probability of occupancy from 0.37 to 0.99; Figure 2b , Figure S4 , Table S6 ), and precipitation had an overall negative effect on occupancy (decreasing probability of occupancy from 0.99-0.37; Figure 2c , Figure S4 , Table S6 ). In plots occupied by lizards, however, temperature negatively affected estimated lizard abundance (decline from 7.4-3.8 lizards; Figure 3b , Fig. S6 , Table S6) over the range of observed temperatures; whereas precipitation had a positive effect on predicted lizard abundance (increase from 2.7 -9.6 lizards; Figure 3c , Table S6 ). Finally, ant diversity had a negative effect on predicted occupancy rates (decreasing probability of occupancy from 1-0; Figure 1d , Table S6 ) and no significant effect on abundance. We predicted occupancy and abundance for the three top models (Table S6) (Table 1) .
Overall, the probability that a plot was occupied did not predict estimated lizard abundance if occupied (R 2 = 0.4, Figure 5a ). While mean abundance corrected for occupancy probability corresponded much T A B L E 1 Best-supported models for occupancy and lizard abundance, top four models for each approach are shown more strongly with simple occupancy probability ( Figure 5b ; R 2 = .63), there was still substantial variation in predicted abundance above an occupancy probability of 0.4 and even more variation in estimated abundance for sites that had an occupancy probability of approximately one. Probability that a plot was occupied did not predict results from the mixed effects model (R 2 = .07, Figure 5c ).
F I G U R E 2
Temperature, precipitation, density of ant mounds, and ant diversity were the environmental factors best supported as influencing probability of horned lizard occupancy. To account for interactions in the top model, relationships are given that hold other interacting variables constant at either mean (black circles), high (dark gray triangles), or low (light gray squares) values. Probability of occupancy is plotted against (a) ant mound density (ants), with the interacting variable of ant diversity (antH) at low (1st quartile), mean, and high (3rd quartile) values. Likewise, probability of occupancy is plotted against b) annual mean temperature (amt) with annual mean precipitation (amp) held at low, mean, and high values and (c) annual mean precipitation, with temperature held at low, mean, and high values. Finally, we plotted (d) the probability of occupancy in response to Shannon diversity (H′) of available ants (antH) at low, mean, and high values of ant mound density. Figures presented here without confidence intervals for readability (see Fig. S4 for CIs) F I G U R E 3 Best environmental predictors of lizard abundance. We report the effect of (a) temperature on predicted lizard abundance at mean precipitation, (b) precipitation on estimated lizard abundance at mean temperature; and across the range of (c) ant mound densities (mounds/ha). Figures presented here without confidence intervals for readability (see Fig. S6 for CIs)
| DISCUSSION
We found that the environmental factors that best predict site occupancy and abundance can differ substantially. By analyzing our presence-absence data separately from abundance estimates, we observed how differently some environmental factors behaved in predicting occupancy than in predicting abundance. Temperature and precipitation were important components of the best models in the occupancy and zero-eliminated abundance approaches; precipitation and, in a portion of instances, temperature had opposite relationships with occupancy compared to abundance. When we evaluated presence and abundance data together in the mixed effects model analysis, this complexity was washed out.
Our findings indicate that caution is needed in uniting predictions of occupancy and abundance.
Ant mound density, a measure of prey availability, positively influenced both occupancy and abundance. The best-supported climatic variables were included in models for both site occupancy and lizard abundance, but the direction and strength of these effects were inconsistent. Greater short-horned lizards have a broad thermal tolerance (Sherbrooke, 2003) , which is likely why lizards were present over much of the range of plot temperatures. Temperature T A B L E 2 Support and sign of effect for environmental variables included in occupancy and abundance predictions, excluding covariates for detection; summed AICc weights (AICω) and sign of effect (+,−) are shown for occupancy and abundance model sets, and Italics indicate different signs of effect between occupancy and abundance
Predictor variable Description

Occupancy AICcω and direction of effect
Estimated abundance AICcω and direction
GLMM AICcω and direction
Annual mean temperature ( 
F I G U R E 4
Comparison of the effects of different predictors on lizard occupancy and abundance (with and without zeros included).
(a) To identify relative support for individual environmental predictor variables, we added the weights of all models that include that variable. These summed AIC weights (AICω) indicate relative support for each predictor variable within the model set. Here, we compare the top predictors of plot occupancy probabilities and horned lizard abundance using summed AIC weights and direction of effect for occupancy (solid), abundance without zeros (white), and abundance with zeros (GLMM [gray]). (b) Another measure of the effect of each variable on occupancy or abundance is the correlation between each variable and the predicted occupancy or abundance across our study plots. "Temperature" is annual mean temperature and an asterisk indicates that the direction of this effect for occupancy depends on the range of an interacting variable (precipitation), "precipitation" is annual mean precipitation, "ants" is the density of ant mounds per hectare, "ant diversity (H′)" is the Shannon diversity of ants in pitfall traps at plots, "nonant div (H′)" is the Shannon diversity of nonant invertebrates (e.g. beetles, flies, etc.) in pitfall traps, "all invert div (H′)" is the Shannon diversity of all invertebrates in pitfall traps at plots, % sage cover is the estimated percentage of ground covered by Artemesia spp., and % soil cover is the estimated percentage of ground covered by bare ground is a well-supported predictor of occupancy, making our finding of a higher probability of occupancy at higher temperatures unsurprising.
The increase in probability of plot occupancy with temperature could be related to temperature-mediated length of the active season for lizards. While our focal species is viviparous (Sherbrooke, 2003) , an adaptation thought to enable reproduction in colder climates (Hodges, 2004) , temperature can still affect the development time for lizard embryos (Andrews, Qualls, & Rose, 1997) ; small differences in annual mean temperatures could affect reproductive success. This relationship broke down at high precipitation values where temperature had a negative affect on occupancy; negative effects of precipitation on occupancy (discussed below) appeared to override temperature effects.
These explanations do not, however, describe why predicted lizard abundance in occupied sites declined at higher temperatures. This decline may be due to the lower temperatures that greater short-horned lizards prefer compared to other horned lizards (Sherbrooke, 2003) .
Physiological performance in lizards is often correlated with temperature (Huey & Stevenson, 1979) , and it is possible that adaptation to function at lower temperatures limits success at higher temperatures; probability of occupancy may go up but individual and population health decline with rising mean temperatures. Alternatively, lizard abundance may decline with temperature due to other factors correlated with temperature. For example, higher temperatures could indicate the increased abundance of other species, including predatory snakes or competing lizards. Or, higher temperatures could mean higher lizard metabolic rates, with a concomitant higher energetic demand such that the same amount of food then supports fewer lizards.
Horned lizards were less likely to occupy sites with higher precipitation. In plots occupied by lizards, however, lizard abundance increased with precipitation. One potential explanation for lower probability of occupancy is that the summer season could be shorter at these sites due to late snowmelt. Although plots themselves were topographically similar, differences in surrounding topography could affect annual mean precipitation (Gao, Xu, Zhao, Pal, & Giorgi, 2006) in ways that we did not assess. Higher precipitation could improve growth and survival of extant populations. Increased precipitation can increase plant growth and invertebrate abundance, which would mean more prey for horned lizards and, consequently, potentially greater reproductive by lizards.
More broadly, the mismatch we found in predictions of occupancy and abundance may result from the processes governing these two state variables operating at different spatial scales (Orrock et al., 2000) . The factors influencing occupancy (perhaps governed by regional population dynamics) are likely to operate at a broader scale than abundance, and this difference may well account for discrepancies between occupancy and abundance approaches (He & Gaston, 2000) .
Environmental factors may act as coarse filters to dictate where species can and cannot persist, with more local characteristics governing abundance patterns. For example, studies of the reticulate collared lizard indicate that the species is limited to arid, sparsely vegetated thorn brush with sandy soil and rocks for basking (e.g. McGuire, 1996) . These characteristics determine where the species can persist, acting as a coarse filter on species distribution across a broad scale. In contrast, abundance of this highly territorial species is likely to be determined more by the availability of territories (e.g. and abundance is not simple or straightforward and that we stand to learn more from separating occupancy and abundance analyzes than by considering the two together in a single united analysis.
F I G U R E 5
The probabilities of plot occupancy and predicted abundance of lizards were generated from the best models for each approach, for all 89 plots. If the approaches were similar, the relationship between (a) predicted abundance and probability of plot occupancy would be strong and relatively linear, and so would (b) the product of these values (predicted mean abundance corrected for probability of occupancy) plotted against predicted occupancy. Likewise, the (c) predicted abundance generated from the linear mixed models, including zeros, should be correlated with the probability of plot occupancy
Another possible reason for mismatches between occupancy and abundance patterns comes from theories of range limits and the processes driving these limits. In particular, some range limits may be governed by metapopulation dynamics (Holt & Keitt, 2000) , with sparser patches of habitat meaning that occupancy rates decline along an environmental gradient, but without any necessary change in the abundance in suitable sites. A related idea is that fairly simple abiotic effects may set some range limits (geographic or climatic) directly, while other climatic factors or ecological interactions set other range limits (Holt, 2003; Sexton, McIntyre, Angert, & Rice, 2009; Louthan, Doak, & Angert, 2015) . In these scenarios, it would not be surprising to see increasing frequency of sites that could support at least some population of a species with, increasing temperature, for example, while at the same time seeing that the same increases result in greater biotic pressures that push densities downwards.
Whether these mismatches are common or unusual will remain unclear until we make more direct comparisons between occupancy and abundance.
Our results have direct conservation implications, especially in the face of rapid environmental changes that threaten reptiles (Gibbon et al., 2000) . It is important to understand how frequently and seriously the results of occupancy and abundance analyzes diverge in their results. For example, the presence of a species in a landscape of sink and source populations (Donovan & Flather, 2002) is not necessarily indicative of good habitat because environmental characteristics that make patches inhabitable may not have similar effects on population numbers or dynamics. More broadly, even abundance is not necessarily a good indicator of habitat quality, an observation made over 30 years ago by van Horne (1983) . While neither occupancy nor abundance analyzes are foolproof approaches to species monitoring, there is conservation value in understanding how environmental factors separately affect the presence of a species and abundance of that species; tying those factors to population fitness would be a more successful approach altogether.
Decoupling occupancy and abundance may be critical to designing effective conservation strategies. In particular, uniting occupancy and abundance analyses could mask the environmental factors that determine occupancy as separate from abundance. An occupancy analysis approach is an advantage when obtaining abundance data are very difficult. While occupancy modeling can be used successfully in estimating abundance, even where detection is heterogeneous (e.g. Royle & Nichols, 2003) , the environmental factors that best predict the presence do not necessarily best predict abundance. This caveat may be particularly important for 1) species that are difficult to detect (do not have enough numbers) or where confidence intervals on estimates are very large, and 2) rare species that are widespread (e.g. wolverine; Ellis et al., 2014) . Time and monetary constraints, balanced with feasibility and accuracy requirements will often dictate if abundance estimates or presence-absence approach is more appropriate (Joseph, Field, Wilcox, & Possingham, 2006) .
Occupancy modeling has gained recent attention for good reasons, but managers should use this approach cautiously. It is important to consider how abundance and occupancy patterns may differ for a species and how those differences could influence the outcome of management strategies based on one analytical approach. We do not suggest that conservation efforts should always be based on estimating only occupancy or abundance, but that the approach be selected carefully to match the objective and with an understanding of the limitations of each. Likewise, to show how common it is for occupancy and abundance to be decoupled, further work on other species is required.
Understanding how these factors may lead to differences between results from occupancy and abundance models will help managers use the most efficient and appropriate methods to achieve their conservation goals. 
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